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Abstract

Topic modeling utilizes unsupervised machine learning to detect underlying themes
within texts and has been deployed routinely to analyze social media for insights into
healthcare issues. However, the inherent messiness of social media hinders the full reali-
zation of this technique’s potential. As such, we hypothesized that restricting medical con-
cepts in social media texts to specific related semantic types and applying topic modeling
to these concepts could be a feasible approach to overcome the challenge of traditional
topic modeling for social media texts. Therefore, we developed a semantic-type-based
topic modeling pipeline to discover self-reported health-related topics. This pipeline inte-
grated semantic type information and Systematized Medical Nomenclature for Medicine
(SNOMED) precoordinated expressions into a traditional topic modeling approach to
enhance effectiveness in clustering meaningful, distinct topics. Using social media texts
regarding statins for illustration, we evaluated the efficacy of this new approach and vali-
dated a newly identified topic using real-world clinical data. Based on expert evaluations,
this approach resulted in more novel, distinguishable, and meaningful health-related
topics compared to traditional topic modeling. In addition, our electronic health record val-
idation for a newly identified topic in two real-world clinical databases indicated that statin
users had a higher prevalence of depression or anxiety compared to matched non-users.
Our results indicate that this new topic modeling pipeline can improve the extraction of
themes from noisy online discussions, thereby contributing to deeper insights for health-
care research.

Introduction

Topic modeling, an unsupervised machine learning technique in natural language processing
(NLP), is used to discover thematic structures in large text collections [1]. It enables a wide
range of text-mining tasks in healthcare (e.g., feedback analysis, clinical decision support,
and research literature management), helping to extract themes, uncover latent relationships,
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and enhance text understanding [2-4]. The structural topic model (STM) is one of the most
common types of topic modeling approaches used widely in analysis of healthcare data and
social media health discussions, as it excels in uncovering latent themes and temporal trends
[5,6]. Unlike other topic modeling approaches, such as Latent Dirichlet Allocation, STM is
uniquely able to incorporate document-level metadata, such as user attributes and temporal
information, making it particularly advantageous for analyzing social media data in health-
related NLP tasks [7-9].

Topic modeling has become an effective and prevalent approach to mining self-reported
health information from online health-related discussions on social media platforms. For
example, Chen et al. [10] conducted topic modeling and regression analyses to analyze
cancer-related discussions on social media, evaluating the connections between various
cancer topics and user engagement. Jo et al. [11] used STM and network analysis to exam-
ine public concerns over the early stages of the COVID-19 outbreak from an online Q&A
forum. Likewise, Xin et al. [12] employed STM to uncover the themes and concerns from
online discussions of rheumatoid arthritis patients on social media before and after the
COVID-19 pandemic. Such insights gained from topic modeling have demonstrated its
remarkable potential for detecting underlying themes from large-scale health-related dis-
cussions on social media.

While biomedical information extractions from social media texts can offer import-
ant insights to researchers, there are limitations and challenges associated with this type
of topic modeling. Since individuals frequently use informal and inconsistent words to
discuss their health experiences on social media, the relevant texts typically exhibit a
variety of noise, including irrelevant content, misinformation, and emotional language
[13,14]. Consequently, traditional topic modeling approaches are limited in their abilities
to precisely extract health-related themes from a messy and unstructured text corpus on
social media compared to structured clinical data [7]. Today, biomedical terminologies
are widely used to formalize electronic health record (EHR) data and enable large-scale
analyses. For instance, the Unified Medical Language System (UMLS), maintained by the
National Library of Medicine, serves as a terminology repository for the most commonly
used controlled vocabularies in the biomedical sciences [15]. It categorizes biomedical
concepts into hundreds of semantic types (e.g., syndrome/disease and sign/symptom),
providing a comprehensive framework for broadly classifying the biomedical domain. To
address the problem of noise, studies have shown that restricting certain semantic types of
words in social media texts can more efficiently reveal biomedical information. Rai et al.
[16] restricted semantic types in social media texts to reveal how race moderates associa-
tions between depression and first-person pronouns or negative emotion words. Ru et al.
[17] mapped diseases and symptoms mentioned in social media texts into standardized
UMLS terminologies to enhance the accuracy of machine learning models in detecting
serendipitous drug usage. Therefore, we hypothesize that restricting medical concepts in
social media texts to specific related semantic types and applying topic modeling to these
concepts could be a feasible approach to overcome the challenge of traditional topic mod-
eling for social media texts.

Here, we assess statin-use discussions on social media as an example to illustrate the
effectiveness of this new approach. We develop a semantic-type-based topic modeling
pipeline to discover self-reported health-related topics on social media. This pipeline inte-
grates semantic-type-based UMLS concept recognition and concept decomposition with
Systematized Medical Nomenclature for Medicine (SNOMED) precoordinated expressions
with the aim of improving the model’s performance in clustering more novel, distinguish-
able, and meaningful biomedical topics, as assessed by content experts. We further validate

PLOS ONE | hitps://doi.org/10.1371/journal.pone.0318702  February 21, 2025

2/16



https://github.com/The-Wei-Lab/topic_model_semantic_type
https://github.com/The-Wei-Lab/topic_model_semantic_type
https://academictorrents.com/collection/datasetreddit
https://academictorrents.com/collection/datasetreddit
https://allofus.nih.gov/
https://victr.vumc.org/

PLOS ONE

Improving topic modeling performance through semantic relationships

the legitimacy of any newly identified topic using real-world clinical data from two large-
scale databases.

Methods

Pipeline overview

In this study, we began by collecting and preprocessing social media data extracted from Red-
dit. We then conducted an initial round of STM using a traditional STM pipeline. Next, we
enhanced this pipeline by incorporating semantic type information through UMLS concept
recognition using MetaMap and performed a second round of STM. Subsequently, we further
extended the pipeline by integrating SNOMED precoordinated expressions through concept
decomposition, followed by a final round of STM. We then compared the results from the sec-
ond and final STM rounds. Finally, we validated a newly identified topic from the final round
of STM to demonstrate the effectiveness of our approach.

Data collection

We conducted web scraping of a repository containing dump files to collect the submissions
and comments from the subreddit r/Cholesterol from January 1, 2017, to December 31, 2022
[18]. In terms of ethical considerations of using social media data for healthcare research,

we ensured adherence to ethical standards and for data collection from social media plat-
forms [19,20]. Specifically, the extracted social media data was de-identified and no personal
characteristics from users were collected. The data resource has been described in section I,
S2 Text. Fig 1 depicts the count of total submissions each year from 2017 to 2022. Specifically,
we extracted submission creation time, comment count, score (the difference between upvotes
and downvotes), title, and body text for each submission. We then filtered out submissions
originating from deleted users, moderators, and prolific users with an abundance of irrele-
vant content. Furthermore, to identify submissions discussing any single-ingredient statin,
we compiled a list of both generic and brand names, including ‘statin} ‘atorvastatin/lipitor’,
‘simvastatin/zocor’, ‘rosuvastatin/crestor;, ‘pitavastatin/livalo’, ‘fluvastatin/lescol, lovastatin/
mevacor, and ‘pravastatin/pravachol’. We then extracted submissions containing lowercase
and singular forms of words that matched any name on the list.

2017 9
2018 128

2019 194

year

2020 448

2021 756

2022 1660

0 500 1000 1500
the number of submissions

Fig 1. The number of total submissions in r/cholesterol each year from 2017 to 2022.

https://doi.org/10.1371/journal.pone.0318702.9g001
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UMLS concept recognition with MetaMap

We first preprocessed the collected data (section II, S2 Text). Then we used MetaMap
(2023AA USAbase Strict Data Model) to identify UMLS concepts in each submission [21]. We
restricted the UMLS Source Vocabularies to ICD-10-CM, ICD-9-CM, RxNorm, SNOMED
CT United States, and used concepts under semantic types: “sosy” (sign or symptom), “dsyn”
(disease or syndrome), “mobd” (mental or behavioral dysfunction), and “bpoc” (body part,
organ, or organ component), as these semantic types are central to the health narratives
shared in this online community. In our MetaMap implementation, we set the number of
composite phrases to 4 and the prune threshold to 20 [21]. We then generated Field MMI
(MetaMap Indexing) output to extract mapped CUISs in a concise and unified form of output
text. By focusing on these semantic types, we ensured the extraction of clinically meaningful
information while filtering out less relevant terms, improving the precision and relevance of
topic modeling.

STM model setup

The framework and parameters of STM have been described in section IV, S2 Text. STM gen-
erates two key probability distributions: the topic-document distribution (8) and the word-
topic distribution (f). The topic-document distribution (8) represents the probability of each
topic within a document, while the word-topic distribution () represents the probability of
each word within a topic. These distributions are integral to further analysis. In addition, we
performed an in-scope selection of the number of topics (k) for STM. Particularly, we assessed
the model’s performance in terms of semantic coherence and exclusivity. Semantic coherence
measures the frequency of co-occurrence of words within a given topic in existing documents,
while exclusivity quantifies the likelihood of words occurring exclusively within a topic with
high probability [22,23]. In addition, the selection of the optimal number of k is also influ-
enced by the intrinsic nature of the corpus [24-26]. In the context of studies such as this one,
before UMLS concept recognition, the number of topics (k) is typically relatively large due

to the abundance of underlying themes in discussions. However, after UMLS concept recog-
nition, the number of topics (k) is smaller because the corpus composed of mapped CUTISs is
relatively homogeneous due to the limited number of tokens and underlying themes for statin
users in online communities, while larger k values led to fragmentation [24-26]. Therefore,

to determine the optimal number of k after UMLS concept recognition, we generated visual-
izations of mean semantic coherence and exclusivity for models with k values ranging from

2 to 6 before and after concept decomposition. Subsequently, we chose the number of topics
that struck the best balance between the semantic coherence and exclusivity. In addition to
the quantitative analysis, we conducted a qualitative assessment to evaluate the coherence and
interpretability of the topics. For each topic, we examined the top CUIs with the highest prob-
abilities, assessing their semantic and contextual alignment within the topic’s overall theme.
Furthermore, we reviewed the top 5 original documents associated with each topic to verify
whether the extracted CUIs accurately represented the content and context of the documents.
This approach ensured that the topics were not only statistically robust but also meaningful
and distinct in their interpretations.

Concept decomposition based on SNOMED CT relationship

To improve the effectiveness of topic modeling (i.e., to provide more meaningful and distin-
guishable clustering of topics from clinical insights and to filter out redundant or irrelevant
UMLS concepts in documents), we decomposed specific UMLS concepts based on the
SNOMED CT hierarchy. For instance, CUI C0231528 (myalgia) was decomposed into CUI
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C4083049 (muscle) and CUI C0030193 (pain). To perform this concept decomposition, we
first identified UMLS concepts with significant word-topic distribution § values (8 > 0.02)
in each topic (e.g., myalgia) and compiled these into a list. Then, we searched each of the
UMLS concepts from this list in SNOMED CT and examined whether it had precoordinated
expressions, which meant that this medical concept was predefined and had a formal logic
definition represented by a set of defining relationships to other concepts in SNOMED CT
[27,28]. Next, based on the SNOMED parent-child relationships we found (e.g., muscle and
pain are parent concepts for myalgia), we decomposed the CUI of each identified UMLS
concept into the CUTIs of its parent UMLS concepts within corresponding documents.
Finally, we applied STM to the documents after performing the concept decomposition for
identified UMLS concepts.

STM model comparisons

We conducted a comparative analysis to evaluate the impact of concept decomposition on
the performance of topic modeling. First, we compared the histograms for the highest 20%
values of topic-document distribution (6) in each topic before and after concept decompo-
sition. Next, we visualized the document relationships within each topic before and after
the decomposition. To facilitate this analysis, we converted the document-term matrix
into a TF-IDF matrix. Given the high dimensionality of the TF-IDF matrix, we applied
principal component analysis (PCA) [29] to reduce its dimensionality and improve com-
putational efficiency using the R package prcomp (version 3.6.2) [30]. Additionally, we cal-
culated the proportion of variance explained by each component, determined the number
of components needed to retain 95% of the variance, and then retained only those compo-
nents in the TF-IDF matrix. Finally, we applied t-distributed stochastic neighbor embed-
ding (t-SNE) [31] using the R package tsne (version 0.1.3.1) [32] to project the reduced
TF-IDF matrix onto a two-dimensional space, thereby providing a visual representation of
the data. At last, we performed a blind expert review to compare the two groups of topics
(section III, S2 Text).

EHR validation

We conducted two case-control studies using de-identified EHR data from Vanderbilt Uni-
versity Medical Center’s (VUMC) and the National Institutes of Health All of Us Research
Program to investigate the association between statin exposure and mental health conditions
(i.e., depression and anxiety) [33,34]. We initially conducted a search for Phecodes related

to depression and anxiety, then mapped these to the International Classification of Diseases
(ICD) codes and compiled them into a list [35,36]. The case group was comprised of adults
(age = 18 years old) who met the following criteria: (1) reported race as either Black/African
American or White/Caucasian; (2) gender as either male or female; (3) exposure to any statin
in our predefined list, as detailed in Data Collection. The control group included adults: (1)
reported race as either Black/African American or While/Caucasian; (2) gender as either male
or female; (3) no exposure to any statin in our predefined list. For all patients, we extracted the
age at the last EHR visit, the duration of EHR records (calculated as the last visit year minus
the first visit year), race, and gender. To ensure a balanced comparison, we matched controls
to cases in a 1:1 ratio based on age, race, EHR duration, and gender. We then calculated the
prevalence of depression in both groups by dividing the number of patients with a depression
diagnosis by the total number of patients in each cohort. Finally, we conducted a two-tailed
z-test to see if the difference of the two proportions was statistically significant (significance
level = 0.05).
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Results
Topic summary for documents

We retrieved documents from Reddit (n=1085 after data collection and preprocessing, from
January 1, 2017, to December 31, 2022) and then applied STM to extract themes from the
original documents. Fig 2 shows the 11 initial topics identified by using STM, with their
high-frequency words and topic proportions. Topic proportion is the percentage of the doc-
uments associated with a specific topic, indicating its prevalence. The most prevalent topic in
this online community was topic 1, where patients communicated their side effects of taking
statins and sought statin success stories. The second most prevalent topic was topic 2, where
patients discussed their test results for cholesterol and making decisions for statin use. The
third most prevalent topic was topic 3, where patients with high cholesterol looked for lifestyle
change recommendations, such as diet and exercise, to ameliorate their cholesterol levels.
Beyond these particularly relevant results (e.g., specific medicines, symptoms, and diseases),
the STM approach also extracted many topic noises, such as “want’, “take”, and “week” In
addition, it was difficult to fully differentiate between several topics, including topics 2 and
8 as well as topics 3 and 7, due to the overlapped topic noises. These ambiguous results left
room for improvement for effectively extracting health-related topics from the original doc-
uments. Since semantic types can categorize words or phrases based on their meanings and
roles within sentences to enhance understanding and processing of language data [37], we
integrated semantic relationships into the traditional STM.

As a first step in enacting our pipeline, we applied UMLS concept recognition based on
Metamap [21] to the original documents by restricting the semantic types to: “sosy” (sign or

Highest word probabilities for each topic
Different words are associated with different topics
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Fig 2. The 11 mutually exclusive topics identified by using STM, in order of proportion. Each subfigure is labeled
with the topic number and its corresponding proportion. The bar plot visually represents the top 10 words with the
highest probability for each topic.

https://doi.org/10.1371/journal.pone.0318702.g002
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symptom), “dsyn” (disease or syndrome), “mobd” (mental or behavioral dysfunction), and
“bpoc” (body part, organ, or organ component). This restriction yielded 756 total documents,
which were composed of Concept Unique Identifiers (CUIs) after the UMLS concept recog-
nition, since some documents (n=329) did not have the words from the restricted semantic
types. For instance, documents asking general questions like “Atorvastatin 20 Mg and Side
Effects?” and “Long term statin usage-how risky is it? I will likely be on it the rest of my life
which will be another hopefully 40 years” were excluded. Since the number of topics (k) is
an important parameter that needs to be determined by researchers before running STM,
we evaluated the mean semantic coherence and exclusivity for models with UMLS concept
recognition when varying the number of topics (k) before and after concept decomposition.
Fig 3 presents the visualizations of mean semantic coherence and exclusivity for k values
ranging from 2 to 6 before and after concept decomposition. In addition, we reviewed the
high-frequency UMLS concepts and associated original documents in each topic for models
with k values ranging from 2 to 6 before and after concept decomposition. Based on these
quantitative and qualitative assessments, we chose the optimal number of topics k=3 before
and after concept decomposition, given the balance of semantic coherence, exclusivity, and
interpretability, particularly in the context of clinical insights.

Fig 4(a) illustrates the three refined topics identified by STM before concept decompo-
sition, detailing the top 10 UMLS concepts with the highest word-topic distribution (f3) for
each topic. Expert reviews observed that the topics were not aligned with clinical insights
and lacked coherence. For example, some closely related UMLS concepts were separated
into different topics, such as ‘heart’ in topic 2 and ‘heart disease’ in topic 3, creating overlap
in the concepts represented by the topics and making it difficult to interpret their clinical
relevance (i.e., both topic 2 and topic 3 contained similar UMLS concepts related to cardio-
vascular disease). In addition, the UMLS concepts in topic 1 captured aspects of metabolic
syndromes, mental diseases, and side effects, which covered a large proportion of documents.
To address this misalignment, we then conducted concept decomposition and determined
UMLS concepts to be decomposed. We searched UMLS concepts with significant word-topic
distribution f3 values (8 > 0.02) and identified CUI C0231528 (myalgia) and CUI C0002962
(Angina Pectoris) based on SNOMED precoordinated expressions. We then decomposed CUI
C0231528 (myalgia) into CUI C0030193 (pain) and CUI C4083049 (muscle), and decomposed
CUI C0002962 (Angina Pectoris) into CUI C0008031 (chest pain) and CUI C0018799 (heart

A after concept decomposition
before concept decomposition

Exclusivity

-240 -200 -160
Semantic Coherence

Fig 3. Mean of the semantic coherence and exclusivity for models with UMLS concept recognition for k values
ranging from 2 to 6 before and after concept decomposition.

https://doi.org/10.1371/journal.pone.0318702.9g003
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Fig 4. The 3 topics identified by using STM (a) before and (b) after concept decomposition. Each subfigure is labeled with the topic number and its corresponding
proportion. The bar plot visually represents the top 10 UMLS concepts with the highest probability for each topic.

https://doi.org/10.1371/journal.pone.0318702.g004

diseases) based on SNOMED parent-child relationships within the corresponding documents
and reran STM on these documents following the concept decomposition.

Fig 4(b) presents the three optimized topics identified by STM after concept decom-
position along with corresponding proportions. We observed that topic 1 was the pre-
dominant topic after concept decomposition, holding the majority at 37.8%, as shown
in Fig 4(b). This topic contained high-frequency UMLS concepts related to metabolic

abnormalities, such as “hypercholesterolemia

", “diabetes”, “diabetes mellitus”, and “hyper-

cholesterolemia, familial”. Closely following was topic 3, which also held a substantial
share (35.7%). This topic included high-frequency UMLS concepts such as “muscle”,
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“myocardial infarction”, “pain”, and “fatigue”. The third topic was topic 2 (26.5%), charac-
terized by high-frequency UMLS concepts such as “heart”, “anxiety”, “anxiety disorders”,
“mental suffering”, and “nervousness”. Based on expert evaluation, the group of topics
after concept decomposition in Fig 4(b) appeared to have a more clinically coherent clus-
tering. These topics were more specifically focused on well-recognized clinical syndromes
or symptoms (i.e., metabolic syndrome, anxiety and depression, muscle pain), which is
more beneficial from a clinical perspective. Each topic in this group captured a distinct
aspect of health, aligning well with how health conditions are categorized and treated (sec-
tion III, S2 Text). The example original documents associated with each topic in Fig 4(b)
are attached in S3 Text.

Topic-document probability distribution comparisons
Fig 5 depicts the comparisons of topic-document probability (6) histograms for the high-
est 20% values in topic 1, topic 2, and topic 3 with concept decomposition before and after
concept decomposition. Notably, a significant increase can be observed in the values of the
highest 20% probabilities for all three topics following concept decomposition. Additionally,
we compared the number of associated documents for each topic before and after concept
#2 #3
60} - -
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Fig 5. Topic-document probability histograms for the highest 20% values in topic 1, topic 2, and topic 3 applied UMLS concept recognition before and after

concept decomposition.

https://doi.org/10.1371/journal.pone.0318702.9005
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decomposition. For topic 1, the count of associated documents decreased from 485 to 314,
accompanied by a substantial rise in the number of documents with a probability exceeding
0.6. In the case of topic 2, the document count stayed the same (169), but with a concur-

rent increase in the number of associated documents exceeding a probability of 0.6. Topic 3
demonstrated the most pronounced changes, with the associated document count increasing
from 102 to 273 and a substantive increase in documents with a probability between 0.6 and
0.9. The histograms of topic probability distribution indicate that documents were more
likely to be statistically significant and distinguishable among the 3 topics following concept
decomposition.

Visualizations of topic-document relationships

Fig 6 displays the results of t-SNE visualizations of the TF-IDF matrix for our dataset, where
each point represents a document, and the color indicates the document’s primary topic.
Before concept decomposition, some dense clusters were formed by points representing
multiple topics. However, after concept decomposition, points corresponding to the same
topic were positioned in relatively closer proximity to each other, rather than being clustered
with points from other topics. In particular, certain groups of points tended to be dominated
by a single topic. For instance, a large set of points in the center belonged to topic 1, which is a
prominent topic in our documents. Furthermore, points associated with topic 3, were grouped
into more distinct clusters, becoming more distinguishable from points associated with other
topics. Therefore, the topic-document relationships became more clearly defined following
concept decomposition.

EHR validation

Since we newly identified topic 2 related to anxiety and depression, we conducted two EHR-
based case-control studies using clinical data from Vanderbilt University Medical Center
(VUMC) and the National Institute of Health All of Us Research Program to compare the
prevalence of depression between statin users and matched statin non-users. We first iden-
tified statin users based on our predefined statin list in Data Collection and then identified
patients with depression or anxiety using ICD-9 and ICD-10 codes mapped from relevant
Phecodes (Table 1 and Table 2 in S1 Text). Patients with any of these codes in their visit
records were considered to have experienced depression or anxiety. Table 1 indicates the prev-
alence of anxiety/depression among statin users and non-users using EHR data from VUMC
and All of Us. In each of the two clinical databases, we found that the rate of depression
among statin users was significantly higher than that among matched non-users (p <0.00001
in both cohorts).

Discussion

This study demonstrates that the integration of UMLS concept recognition and concept
decomposition based on SNOMED CT relationships into a traditional topic modeling frame-
work can enhance the definition of meaningful biomedical topics. Traditional token-based

Table 1. EHR validation for anxiety/depression of statin-use patients using data from VUMC and All of Us.

Case: Statin users,n | Control Pool | Matched control,n | Depression in case, n (%) Depression in matched control, n (%) P-value of z-test
VUMC 251,271 1,621,046 251,271 62,301 (24.79%) 43,911 (17.48%) <0.00001
All of Us 10,409 234,772 10,409 5,264 (50.57%) 4,490 (43.14%) <0.00001
https://doi.org/10.1371/journal.pone.0318702.t001
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Fig 6. t-SNE visualizations of TF-IDF matrix (a) before and (b) after concept decomposition.

https://doi.org/10.1371/journal.pone.0318702.g006
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topic modeling faces limitations in accurately extracting biomedical themes related to
different semantic types (e.g., symptoms, diseases, syndromes, mental conditions, and

body parts, organs, or organ components) from social media texts. Our analysis shows that
utilizing UMLS concept recognition through MetaMap can be more effective in identifying
specific biomedical information within selected semantic types from social media texts by
enabling a more precise clustering of highly associated medical concepts into relevant topics.
By employing this strategy, redundant and irrelevant phrases are filtered out from the text
corpus, establishing a valuable connection between self-reported health-related discussion
data and phenotype characterization. The selection of UMLS Source Vocabularies in Meta-
Map, such as ICD-9, ICD-10, and RxNorm, further contributes to this linkage. Importantly,
these results also demonstrate that concept decomposition based on SNOMED CT rela-
tionships can be effective in biomedical information extraction. Before concept decomposi-
tion, medical concepts with parent-child relationships based on SNOMED precoordinated
expressions are underlying in the preprocessed documents. The limited number of submis-
sions and occurrences of certain concepts necessitate their separation into different topics
through decomposition. Therefore, concept decomposition can amplify the occurrence of
specified parent medical concepts while eliminating redundant child medical concepts across
documents. This objective was evidenced by the significant improvement in topic modeling
performance, including topic clustering, topic probability distribution, and topic-document
relationships, with UMLS concept decomposition applied in this study. Importantly, from
our expert reviews (section III, S2 Text), most experts agreed that the topics, once clustered
following concept decomposition, could provide more interpretable and distinct clinical
insights. Overall, the combined impact of the two strategies based on semantic relationships
proves highly effective in uncovering biomedical information from online health-related dis-
cussions. This success highlights the two strategies as essential components of a novel clinical
NLP pipeline.

This study further verifies the value of social media for mining health information by
assessing the effects associated with statin use and the health conditions of online metabolic
syndrome patients as a test case. First, based on the proportionality of topics, topic 3 is a
prominently discussed side effect for statin-use patients, which is consistent with previous
clinical findings [38,39]. We also found that patients receiving statin treatment who have
muscle pain might also experience fatigue, tiredness, or weakness, concordant with prior
studies [38,40,41]. Second, in addition to side effects, we found that metabolic syndrome
patients prescribed statins were likely to discuss high cardiovascular risk. Indeed, based
on the UMLS concepts and associated documents under topic 1, a majority of patients
with metabolic syndrome reported a family history of heart attacks. Despite many patients
expressing concerns and worries about the potential side effects of taking statins, they
continued to inquire and demonstrate a strong need for statins as preventive care to mit-
igate their risk of myocardial infarction or stroke, consistent with long-standing research
[42-44].

Along with these widely recognized topics associated with statin use, we also noted novel
findings relative to topic 2: many metabolic syndrome patients in this online community
exhibited significant mental health conditions, such as anxiety, depression, and nervousness.
First, from associated submissions on topic 2, many patients prescribed statin treatment
were anxious and depressed about their health conditions, including lab results (e.g., high
cholesterol, high triglycerides, or high low-density lipoprotein), family history of metabolic
syndrome, associated cardiovascular diseases, risk of heart attack and other heart diseases,
as well as side effects of statins. Second, some patients in this online community also devel-
oped anxiety and apprehension related to taking medicine. Given the possibility of multiple
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diagnoses (including related comorbidities), some patients were prescribed additional
medications (beyond statins) in different or the same periods (e.g., evolocumab, fenofibrate).
Consequently, some patients expressed concern about potential interactions or the lack of

an optimized treatment plan. Additionally, we found that some patients reported the onset

of anxiety, depression, and mood swings after the initiation of statins. However, this finding
contradicts current research on the effects of statins, as most studies and mechanistic evidence
suggest an antidepressant effect for statins [45,46]. Notably, some patients in this online com-
munity mentioned that when they described experiences of anxiety, depression, and nervous-
ness to their physicians and suggested these feelings might be side effects of taking statins,
physicians commonly remained unconvinced. As further demonstration of heightened con-
cerns about anxiety and depression among statin users, our EHR validation in two real-world
clinical databases indicated that statin users had a higher prevalence of depression or anxiety
compared to matched non-users, suggesting the importance of addressing mental health
issues such as anxiety and depression to physicians caring for patients taking statins. There-
fore, this study reveals that mental health issues related to anxiety and depression are common
symptoms among social media posts from statin users. The finding highlights the need for
healthcare providers to actively monitor and address mental health symptoms, such as anxiety
and depression, in patients using statins. They may consider integrating routine mental health
screenings into follow-up visits for statin users and providing resources or referrals for mental
health support when necessary.

Limitations and future work

This paper has certain limitations. First, our focus was solely on the statin use within a single
online community, and thus, the findings may not be generalizable to all other online com-
munities. Second, due to the absence of demographic data for the patients in this online
community, we could not conduct a comprehensive population analysis. Third, although we
proposed techniques to enhance UMLS concept recognition’s effectiveness, MetaMap may
still incorrectly identify some UMLS medical concepts, potentially impacting topic modeling
performance. Finally, in our EHR validation studies we did not consider the timing of anxiety/
depression diagnoses relative to statin initiation; therefore, while our results suggest that statin
exposure is associated with anxiety and depression, we cannot definitively identify these con-
ditions as side effects of statin use. In the future, we intend to expand our research by studying
additional online communities for statin users and collecting demographic information about
their users through a survey questionnaire, aiming to generalize our findings. We also intend
to explore the applications of large language models to identify the medical concepts from
social media texts. In addition, further research is needed to clarify the temporal relationship
between statin use and anxiety or depression by integrating this temporal aspect into the EHR
validation.

Conclusion

Broadly, our study demonstrated refined approaches for gathering patient-reported drug
experiences, health concerns, and mental conditions from social media. These findings further
confirm the potential of social media as a valuable resource for medical research. This new
topic modeling approach, as used for mining statin use from online self-reported health
discussions, could be extended to investigate other conditions or medications on social media,
highlighting the uniqueness of social media as a source of self-reported health information.
These results underscore the importance of leveraging social media for real-world insights
into patient perspectives and treatment outcomes.

PLOS ONE | https://doi.org/10.1371/journal.pone.0318702 February 21, 2025 13/16




PLOS ONE

Improving topic modeling performance through semantic relationships

Supporting information

S1 Text. Phecodes and ICD codes for anxiety/depression.
(DOCX)

S2 Text. Appendix.
(DOCX)

$3 Text. Example submissions for each topic in the final STM.
(DOCX)

Acknowledgments

The authors would like to acknowledge the NIH All of Us Research Program and VUMC
BioVU Program.

Author contributions

Conceptualization: Yi Xin, Zhijun Yin, Wei-Qi Wei.

Data curation: Yi Xin.

Funding acquisition: Wei-Qi Wei.

Methodology: Yi Xin, Monika E. Grabowska, Srushti Gangireddy, Alyson L. Dickson, Qiping
Feng, Zhijun Yin, Wei-Qi Wei.

Software: Yi Xin.

Supervision: Wei-Qi Wei.

Validation: Yi Xin, Monika E. Grabowska, Matthew S. Krantz, V. Eric Kerchberger, Wei-Qi Wei.

Visualization: Yi Xin.

Writing - original draft: Yi Xin.

Writing - review & editing: Yi Xin, Monika E. Grabowska, Alyson L. Dickson, Qiping Feng,
Zhijun Yin, Wei-Qi Wei.

References

1. Vayansky I, Kumar SAP. A review of topic modeling methods. Inf Syst. 2020;94:101582. https://doi.
org/10.1016/j.is.2020.101582

2. Alexander G, Bahja M, Butt GF. Automating large-scale health care service feedback analysis: sen-
timent analysis and topic modeling study. JMIR Medical Informatics. 2022;10(4):€29385. https://doi.
0rg/10.2196/29385 PMID: 35404254

3. DeA, Huang M, Feng T, Yue X, Yao L. Analyzing Patient Secure Messages Using a Fast Health Care
Interoperability Resources (FIHR)—-based data model: development and topic modeling study. J Med
Internet Res. 2021;23(7):e26770. https://doi.org/10.2196/26770 PMID: 34328444

4. Cao Q, Cheng X, Liao S. A comparison study of topic modeling based literature analysis by using full
texts and abstracts of scientific articles: a case of COVID-19 research. Libr Hi Tech. 2022;41(2):543—
69. https://doi.org/10.1108/Iht-03-2022-0144

5. Roberts M, Stewart B, Tingley D, Airoldi E. The structural topic model and applied social science.

6. Laureate CDP, Buntine W, Linger H. A systematic review of the use of topic models for short text social
media analysis. Artif Intell Rev. 2023;56(12):14223-55. https://doi.org/10.1007/s10462-023-10471-x

7. Meaney C, Escobar M, Stukel TA, Austin PC, Jaakkimainen L. Comparison of methods for estimating
temporal topic models from primary care clinical text data: retrospective closed cohort study. JMIR
Medical Informatics. 2022;10(12):e40102. hitps://doi.org/10.2196/40102 PMID: 36534443

8. Roberts ME, Tingley D, Stewart BM, Airoldi EM. The structural topic model and applied social science.

9. Kang X, Stamolampros P. Unveiling public perceptions at the beginning of lockdown: an applica-
tion of structural topic modeling and sentiment analysis in the UK and India. BMC Public Health.
2024;24(1):2832. https://doi.org/10.1186/512889-024-20160-1 PMID: 39407148

PLOS ONE | hitps://doi.org/10.1371/journal.pone.0318702  February 21, 2025 14/16



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0318702.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0318702.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0318702.s003
https://doi.org/10.1016/j.is.2020.101582
https://doi.org/10.1016/j.is.2020.101582
https://doi.org/10.2196/29385
https://doi.org/10.2196/29385
http://www.ncbi.nlm.nih.gov/pubmed/35404254
https://doi.org/10.2196/26770
http://www.ncbi.nlm.nih.gov/pubmed/34328444
https://doi.org/10.1108/lht-03-2022-0144
https://doi.org/10.1007/s10462-023-10471-x
https://doi.org/10.2196/40102
http://www.ncbi.nlm.nih.gov/pubmed/36534443
https://doi.org/10.1186/s12889-024-20160-1
http://www.ncbi.nlm.nih.gov/pubmed/39407148

PLOS ONE

Improving topic modeling performance through semantic relationships

10.

1.

12

13.

14,

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.
29.

30.
31.
32.

Chen L, Wang P, Ma X, Wang X. Cancer communication and user engagement on chinese social
media: content analysis and topic modeling study. J Med Internet Res. 2021;23(11):e26310. hitps://
doi.org/10.2196/26310 PMID: 34757320

Jo W, Lee J, Park J, Kim Y. Online information exchange and anxiety spread in the early stage of the
novel coronavirus (COVID-19) outbreak in south korea: structural topic model and network analysis. J
Med Internet Res. 2020;22(6):e19455. https://doi.org/10.2196/19455 PMID: 32463367

XinY, Ni C, Song Q, Yin Z. Fatigue, pain, and medication: mining online posts regarding rheumatoid
arthritis from reddit. AMIA Annu Symp Proc. 2024;2023:754—-63PMID: 38222419

Sarker A, Ginn R, Nikfarjam A, O’Connor K, Smith K, Jayaraman S, et al. Utilizing social media
data for pharmacovigilance: A review. J Biomed Inform. 2015;54:202—12. https://doi.org/10.1016/].
ibi.2015.02.004 PMID: 25720841

Gonzalez-Hernandez G, Sarker A, O’Connor K, Savova G. Capturing the patient’s perspective:
a review of advances in natural language processing of health-related text. Yearb Med Inform.
2017;26(1):214-27. hitps://doi.org/10.15265/1Y-2017-029 PMID: 29063568

Bodenreider O. The Unified Medical Language System (UMLS): integrating biomedical terminology.
Nucleic Acids Res. 2004;32(Database issue):D267-70. https://doi.org/10.1093/nar/gkh061 PMID:
14681409

Rai S, Stade EC, Giorgi S, Francisco A, Ungar LH, Curtis B, et al. Key language markers of depres-
sion on social media depend on race. Proc Natl Acad Sci USA. 2024;121(14):e2319837121. hitps://
doi.org/10.1073/pnas.2319837121 PMID: 38530887

Ru B, Li D, Hu'Y, Yao L. Serendipity—A machine-learning application for mining serendipitous drug
usage from social media. IEEE Trans Nanobioscience. 2019;18(3):324—-34. https://doi.org/10.1109/
TNB.2019.2909094 PMID: 30951476

Reddit comments/submissions 2005-06 to 2022-12. In: Academic Tor-
rents [Internet]. [cited 8 Oct 2023]. Available from: hitps://academictorrents.com/
details/7c0645¢94321311bb05bd879ddee4d0ebal8aaee

Townsend L, Wallace C. The Ethics of Using Social Media Data in Research: A New Framework. In:
Woodfield K, editor. The Ethics of Online Research. Emerald Publishing Limited; 2017. p. 189—-207.
https://doi.org/10.1108/S2398-601820180000002008

Taylor J, Pagliari C. Mining social media data: How are research sponsors and research-

ers addressing the ethical challenges? Research Ethics. 2018;14(2):1-39. https://doi.
org/10.1177/1747016117738559

Aronson AR. Effective mapping of biomedical text to the UMLS Metathesaurus: the MetaMap pro-
gram. Proc AMIA Symp. 2001;17-21PMID: 11825149

Mimno D, Wallach H, Talley E, Leenders M, McCallum A. Optimizing semantic coherence in topic
models.

Roberts ME, Stewart BM, Tingley D, Lucas C, Leder-Luis J, Gadarian SK, et al. Structural topic
models for open-ended survey responses. American Journal of Political Science. 2014;58:1064—82.
https://doi.org/10.1111/ajps.12103

Hu N, Zhang T, Gao B, Bose |. What do hotel customers complain about? Text analysis

using structural topic model. Tourism Management. 2019;72:417-26. https://doi.org/10.1016/j.
tourman.2019.01.002

He L, Han D, Zhou X, Qu Z. The voice of drug consumers: online textual review analysis using
structural topic model. Int J Environ Res Public Health. 2020;17(10):3648. https://doi.org/10.3390/
ijerph17103648 PMID: 32455918

Korfiatis N, Stamolampros P, Kourouthanassis P, Sagiadinos V. Measuring service quality from
unstructured data: A topic modeling application on airline passengers’ online reviews. Expert Syst
Appl. 2019;116:472-86. hitps://doi.org/10.1016/j.eswa.2018.09.037

SNOMED CT Expressions - SNOMED CT Starter Guide - SNOMED Confluence. [cited 24

Nov 2024]. Available from: hitps://confluence.ihtsdotools.org/display/
DOCSTART/7Z.+SNOMED+CT+Expressions

SNOMED CT - Home. [cited 25 Nov 2024]. Available from: https://browser.ihtsdotools.org/?

Bro R, Smilde A K. Principal component analysis. Anal Methods. 2014;6:2812-31. hitps://doi.
org/10.1039/C3AY41907J

Ho SM. Principal Components Analysi S (PCA). Principal Components Analysis.
Maaten L van der, Hinton G. Visualizing data using t-SNE. J Mach Learn Res. 2008;9:2579-605.
tsne.pdf. Available: hitps://cran.r-project.org/web/packages/tsne/tsne.pdf

PLOS ONE | https://doi.org/10.1371/journal.pone.0318702 February 21, 2025 15/16



https://doi.org/10.2196/26310
https://doi.org/10.2196/26310
http://www.ncbi.nlm.nih.gov/pubmed/34757320
https://doi.org/10.2196/19455
http://www.ncbi.nlm.nih.gov/pubmed/32463367
http://www.ncbi.nlm.nih.gov/pubmed/38222419
https://doi.org/10.1016/j.jbi.2015.02.004
https://doi.org/10.1016/j.jbi.2015.02.004
http://www.ncbi.nlm.nih.gov/pubmed/25720841
https://doi.org/10.15265/IY-2017-029
http://www.ncbi.nlm.nih.gov/pubmed/29063568
https://doi.org/10.1093/nar/gkh061
http://www.ncbi.nlm.nih.gov/pubmed/14681409
https://doi.org/10.1073/pnas.2319837121
https://doi.org/10.1073/pnas.2319837121
http://www.ncbi.nlm.nih.gov/pubmed/38530887
https://doi.org/10.1109/TNB.2019.2909094
https://doi.org/10.1109/TNB.2019.2909094
http://www.ncbi.nlm.nih.gov/pubmed/30951476
https://academictorrents.com/details/7c0645c94321311bb05bd879ddee4d0eba08aaee
https://academictorrents.com/details/7c0645c94321311bb05bd879ddee4d0eba08aaee
https://doi.org/10.1108/S2398-601820180000002008
https://doi.org/10.1177/1747016117738559
https://doi.org/10.1177/1747016117738559
http://www.ncbi.nlm.nih.gov/pubmed/11825149
https://doi.org/10.1111/ajps.12103
https://doi.org/10.1016/j.tourman.2019.01.002
https://doi.org/10.1016/j.tourman.2019.01.002
https://doi.org/10.3390/ijerph17103648
https://doi.org/10.3390/ijerph17103648
http://www.ncbi.nlm.nih.gov/pubmed/32455918
https://doi.org/10.1016/j.eswa.2018.09.037
https://confluence.ihtsdotools.org/display/DOCSTART/7.+SNOMED+CT+Expressions
https://confluence.ihtsdotools.org/display/DOCSTART/7.+SNOMED+CT+Expressions
https://browser.ihtsdotools.org/?
https://doi.org/10.1039/C3AY41907J
https://doi.org/10.1039/C3AY41907J
https://cran.r-project.org/web/packages/tsne/tsne.pdf

PLOS ONE

Improving topic modeling performance through semantic relationships

33.

34.

35.

36.

37

38.

39.

40.

41.

42,

43.

44.

45.

46.

Danciu |, Cowan JD, Basford M, Wang X, Saip A, Osgood S, et al. Secondary use of clinical data: The
vanderbilt approach. J Biomed Inform. 2014;52:28-35. https://doi.org/10.1016/}.jbi.2014.02.003 PMID:
24534443

The “All of Us” Research Program | New England Journal of Medicine. [cited 2 Apr 2024]. Available
from: https://www.nejm.org/doi/full/10.1056/NEJMsr1809937

Wei W-Q, Bastarache LA, Carroll RJ, Marlo JE, Osterman TJ, Gamazon ER, et al. Evaluating phe-
codes, clinical classification software, and ICD-9-CM codes for phenome-wide association studies
in the electronic health record. PLoS One. 2017;12(7):e0175508. https://doi.org/10.1371/journal.
pone.0175508 PMID: 28686612

Stausberg J, Lehmann N, Kaczmarek D, Stein M. Reliability of diagnoses coding with ICD-10. Int J
Med Inform. 2008;77(1):50-7. hitps://doi.org/10.1016/j.ijmedinf.2006.11.005 PMID: 17185030

Hovy E, Navigli R, Ponzetto SP. Collaboratively built semi-structured content and Artificial Intelligence:
The story so far. Artif Intell. 2013;194:2—27. https://doi.org/10.1016/j.artint.2012.10.002

Thompson PD, Panza G, Zaleski A, Taylor B. Statin-Associated Side Effects. J Am Coll Cardiol.
2016;67(20):2395-410. https://doi.org/10.1016/j.jacc.2016.02.071 PMID: 27199064

Ganga HV, Slim HB, Thompson PD. A systematic review of statin-induced muscle problems in clinical
trials. Am Heart J. 2014;168(1):6—15. https://doi.org/10.1016/j.ahj.2014.03.019 PMID: 24952854

Cham S, Evans MA, Denenberg JO, Golomb BA. Statin-associated muscle-related adverse effects:
a case series of 354 patients. Pharmacotherapy. 2010;30(6):541-53. https://doi.org/10.1592/
phco.30.6.541 PMID: 20500044

Pergolizzi JV, Coluzzi F, Colucci RD, Olsson H, LeQuang JA, Al-Saadi J, et al. Statins and muscle
pain. Expert Review of Clinical Pharmacology. 2020;13(3):299-310. https://doi.org/10.1080/17512433.
2020.1734451 PMID: 32089020

Lee MMY, Sattar N, McMurray JJV, Packard CJ. Statins in the prevention and treatment of heart
failure: a review of the evidence. Curr Atheroscler Rep. 2019;21(10):41. hitps://doi.org/10.1007/s11883-
019-0800-z PMID: 31350612

Byrne P, Demasi M, Jones M, Smith SM, O’'Brien KK, DuBroff R. Evaluating the association between
low-density lipoprotein cholesterol reduction and relative and absolute effects of statin treatment:

a systematic review and meta-analysis. JAMA Internal Medicine. 2022;182(5):474—81. hitps://doi.
org/10.1001/jamainternmed.2022.0134 PMID: 35285850

Lee M, Cheng C-Y, Wu Y-L, Lee J-D, Hsu C-Y, Ovbiagele B. Association between intensity of low-
density lipoprotein cholesterol reduction with statin-based therapies and secondary stroke preven-
tion: a meta-analysis of randomized clinical trials. JAMA Neurology. 2022;79(4):349-58. https://doi.
org/10.1001/jamaneurol.2021.5578 PMID: 35188949

Zhang L, Bao Y, Tao S, Zhao Y, Liu M. The association between cardiovascular drugs and depression/
anxiety in patients with cardiovascular disease: A meta-analysis. Pharmacol Res. 2022;175:106024.
https://doi.org/10.1016/j.phrs.2021.106024 PMID: 34890773

De Giorgi R, Rizzo Pesci N, Rosso G, Maina G, Cowen PJ, Harmer CJ. The pharmacological

bases for repurposing statins in depression: a review of mechanistic studies. Transl Psychiatry.
2023;13(1):1-12. https://doi.org/10.1038/s41398-023-02533-z

PLOS ONE | hitps://doi.org/10.1371/journal.pone.0318702  February 21, 2025 16/16



https://doi.org/10.1016/j.jbi.2014.02.003
http://www.ncbi.nlm.nih.gov/pubmed/24534443
https://www.nejm.org/doi/full/10.1056/NEJMsr1809937
https://doi.org/10.1371/journal.pone.0175508
https://doi.org/10.1371/journal.pone.0175508
http://www.ncbi.nlm.nih.gov/pubmed/28686612
https://doi.org/10.1016/j.ijmedinf.2006.11.005
http://www.ncbi.nlm.nih.gov/pubmed/17185030
https://doi.org/10.1016/j.artint.2012.10.002
https://doi.org/10.1016/j.jacc.2016.02.071
http://www.ncbi.nlm.nih.gov/pubmed/27199064
https://doi.org/10.1016/j.ahj.2014.03.019
http://www.ncbi.nlm.nih.gov/pubmed/24952854
https://doi.org/10.1592/phco.30.6.541
https://doi.org/10.1592/phco.30.6.541
http://www.ncbi.nlm.nih.gov/pubmed/20500044
https://doi.org/10.1080/17512433.2020.1734451
https://doi.org/10.1080/17512433.2020.1734451
http://www.ncbi.nlm.nih.gov/pubmed/32089020
https://doi.org/10.1007/s11883-019-0800-z
https://doi.org/10.1007/s11883-019-0800-z
http://www.ncbi.nlm.nih.gov/pubmed/31350612
https://doi.org/10.1001/jamainternmed.2022.0134
https://doi.org/10.1001/jamainternmed.2022.0134
http://www.ncbi.nlm.nih.gov/pubmed/35285850
https://doi.org/10.1001/jamaneurol.2021.5578
https://doi.org/10.1001/jamaneurol.2021.5578
http://www.ncbi.nlm.nih.gov/pubmed/35188949
https://doi.org/10.1016/j.phrs.2021.106024
http://www.ncbi.nlm.nih.gov/pubmed/34890773
https://doi.org/10.1038/s41398-023-02533-z
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

